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In order to accurately monitor the battery state, a battery model is required to describe battery dynamics. Because battery is a complex electrochemical system with coupled electro-thermal characteristics, battery electro-thermal model is more practical in industrial context and studied widely [3] [4] . The entropy variation coefficient is an important parameter, which is proportional to the entropy changes due to electrochemical reactions. The classical method to obtain entropic heat is potentiometric method. In this method, the OCV variations under different temperatures are measured at given SOC to calculate entropy variation coefficient [5] . It requires a very long test cycles. In this paper, a calorimetric method is presented for the fast estimation of the entropy variation coefficient.
Lithium-ion battery is a strong nonlinear system. SOC is an internal state which cannot be measured directly, so accurate estimation of SOC is a challenging task. PF based estimation method, with the ability to deal with nonlinear problems, has been applied to estimate SOC [6] [7] . However in the operation of electric vehicles, especially starting, climbing and regenerative braking, abrupt currents is ubiquitous, and the conventional PF have the poor ability to track saltatory states. STF method is robust to model errors and has strong tracking ability for saltatory state [8] [9] . By introducing STF into PF, an estimator based on STPF is proposed to improve the accuracy and robustness of battery state estimation.
In this article, a battery electro-thermal model is adopted to describe the dynamic behaviors of battery. A calorimetric method is proposed to fast determine entropy variation coefficient. The estimator based on STPF is proposed to realize SOC estimation. The performances of battery model and estimation method are verified by experiments under dynamic characterization schedules.
Abstract
Accurate estimation of battery state is crucial for battery management system. Lithium-ion battery is a complex electrochemical system with coupled electrothermal characteristics and strong nonlinearity. Therefore a state estimation method based on electrothermal model and strong tracking particle filter is proposed in this article. The calorimetric method is employed to realize fast identification for thermal model parameter. By introducing strong tracking filter into particle filter, an estimator based on strong tracking particle filter is proposed to improve the estimation accuracy and tracking capability of saltatory state. The simulation and experiments are conducted to verify the performance of proposed method under dynamic characterization schedules.
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Introduction
Lithium-ion batteries have become the most promising power sources in electric vehicles and hybrid electric vehicles due to their high energy and power density, low self-discharge rate, long cycle life and lack of memory effect [1] . In order to improve the safety and reliability of battery system, the BMS is required to be well-designed [2] . Accurate estimation of battery state is one of the most critical indexes for BMS, which can Copyright © by ICEIV
2.
Battery electro-thermal model
Electrical dynamics
The second-order RC equivalent circuit model is adopted to describe the battery electrical behavior, as shown in figure 1 . A voltage source is used to describe the battery's OCV. A resistance R 0 represents ohmic resistance in the battery. The two RC parallelconnected networks consist of electrochemical polarization capacitance C 1 and resistance R 1 , concentration polarization capacitance C 2 and resistance R 2 , which reflect the dynamic property of battery.
Figure 1 Second order RC equivalent circuit model
Based on the second-order equivalent circuit model, the state space equation of a lithium-ion battery can be expressed as： . q is the rate of heat generation.
According to the energy conservation law, the temperature change can be expressed as:
The battery temperature at (k)th sampling time can be conducted from equation (3):
The heat generation rate q is determined by electrical dynamics as 
SOC estimation based on STPF method
An estimator based on STPF is designed to realize the SOC estimation. According to the battery model (1) and (2) 
Experimental results
A 18650-type NMC ternary lithium-ion battery with 3.6V nominal voltage and 2.5Ah nominal capacity was used in experiments. The experimental setup consists of battery test system, isothermal calorimeter, temperature chamber, and host computer. The UDDS cycle is used to verify the accuracy of battery model and estimation algorithm. The current of the UDDS is shown in figure 3 .
Figure 3
The current of the UDDS
Thermal model parameter identification
A calorimetric method is presented here for the fast determination of the entropy variation. According to equation (5) , the entropy variation of battery can be expressed as:
Battery testing system and isothermal calorimeter are used to record battery current, voltage and heat generation. The battery is tested in isothermal calorimeter at 25 ℃ and discharged with constant current. The discharge current is set as 1/5C to improve the proportion of reversible entropic heat. The heat generation rate q is accorded by isothermal calorimeter. Then the entropy variation can be calculated according to equation (22), as shown in figure 4 .
The thermal model parameters (R th and C th ) are determined by genetic algorithm. The UDDS cycles are utilized to verify the battery thermal model. Battery working current is taken as an input and battery temperature as an output. The thermal model prediction result is shown in figure 5 . The results illustrates that the proposed battery thermal model can describe battery temperature characteristics under dynamic condition. The model error increases at the end of discharge, and the maximum model error is 1.2℃. 
Figure 4 Entropy variation of battery

SOC estimation verification
The UDDS cycle condition is used to verify the accuracy and robustness of the estimator based on STPF. The experiment is conducted at 25℃. To verify the convergence of the method, the initial SOC is set as 0.8. The covariance of system process noise Q is set as 0.001 and the covariance of measurement noise R is set as 0.04. The reference battery SOC value is obtained by current integration method, based on the current value and sampling time which is recorded by the battery testing system. The experimental results show that the SOC curves estimated by PF and STPF converge rapidly to reference SOC curve. To further evaluate the estimation performance of two methods, the maximum absolute error (MAE), average absolute error (AAE) and root mean square error (RMSE) are listed in Table  1 . It is shown that the MAE, AAE and RMSE of STPF are smaller than those of conventional PF. 
Conclusion
In this paper, a battery state estimation method based on electro-thermal model and STPF is proposed. A battery electro-thermal model is adopted and a new thermal model parameter identification method is proposed to reduce test cycles. The maximum error of thermal model is 1.2℃. The STPF based estimator is employed to solve the problem of nonlinear system state estimation and saltatory states tracking. The experiments under UDDS dynamic characterization schedules indicate that the proposed method can estimate battery accurately with RMSE less than 0.68%. 
